One of the principal challenges in systems biology is to uncover the networks of protein-protein interactions that underlie most biological processes. To date, experimental efforts directed at this problem have largely produced only qualitative networks that are replete with false positives and false negatives. Here, we describe a domain-centered approach s compatible with genome-wide investigations s that enables us to measure the equilibrium dissociation constant (KD) of recombinant PDZ domains for fluorescently labeled peptides that represent physiologically relevant binding partners. Using a pilot set of 22 PDZ domains, 4 PDZ domain clusters, and 20 peptides, we define a gold standard dataset by determining the KD for all 520 PDZ-peptide combinations using fluorescence polarization. We then show that microarrays of PDZ domains identify interactions of moderate to high affinity (KD e 10 µM) in a high-throughput format with a false positive rate of 14% and a false negative rate of 14%. By combining the throughput of protein microarrays with the fidelity of fluorescence polarization, our domain/peptide-based strategy yields a quantitative network that faithfully recapitulates 85% of previously reported interactions and uncovers new biophysical interactions, many of which occur between proteins that are co-expressed. From a broader perspective, the selectivity data produced by this effort reveal a strong concordance between protein sequence and protein function, supporting a model in which interaction networks evolve through small steps that do not involve dramatic rewiring of the network.
Introduction
Most eukaryotic proteins that receive and process signals are constructed in a modular fashion from a combination of interaction and catalytic domains. 1 Interaction domains mediate the formation of multiprotein complexes that confine signaling proteins to appropriate subcellular locations and help determine the specificity of enzyme-substrate interactions. One of the primary challenges of systems biology is to define the function of protein interaction domains on a genome-wide scale and thus uncover the networks of protein-protein interactions that underlie complex biological processes.
To date, most protein interaction networks that have been defined experimentally are Boolean in nature: proteins are reported to either "interact" or "not interact". For example, the yeast two-hybrid assay has been used on a large scale to identify interactions in the proteomes of yeast 2, 3 and Caenorhabditis elegans, 4 as well as to focus on interactions mediated by coiledcoil domains. 5 Multiprotein complexes have also been uncovered on a large scale by identifying proteins that co-purify with selected bait proteins using mass spectrometry. [6] [7] [8] In each case, the resulting network does not provide information about the strength of the protein-protein interactions and hence cannot be used to predict how the network is likely to change as a function of cell state.
To obtain quantitative protein interaction networks, it is necessary not only to identify interactions but to measure affinities as well. This additional step serves at least four purposes. First, the additional rigor required to quantify interactions minimizes the amount of incorrect information in the resulting dataset. Most high-throughput methods suffer from alarmingly high rates of false positives and false negatives, [9] [10] [11] [12] limiting their usefulness in generating biological hypotheses and calling into question conclusions about network topology that are based on these data. 13, 14 Second, determining binding affinities helps to prioritize which interactions are more likely to be physiologically relevant among a series of biophysical interactions. Third, quantitative information can serve as a § Present address: Merrimack Pharmaceuticals, 101 Binney St., Cambridge, MA 02142. powerful training set for computational studies aimed at predicting protein-protein interactions, 15 as well as for modeling biological processes such as signal transduction. 16, 17 Finally, large-scale quantitative investigations can reveal the dynamic nature of protein interaction networks. For example, we recently described a quantitative network for the human ErbB receptors and found that the extent to which each receptor becomes more promiscuous (more interconnected) when overexpressed correlates with its oncogenic potential. 18 This link between network dynamics and cancer is only revealed by measuring binding affinities.
To uncover quantitative interaction networks, we need technologies that enable large-scale investigations but at the same time yield reliable data. Since microarray technology enables a large number of proteins to be queried with a large number of probes, it is ideally suited to studying the binding selectivity of entire families of protein interaction domains with respect to large collections of binding targets. 19 We have recently used microarrays of human Src homology 2 (SH2) and phosphotyrosine binding (PTB) domains to identify and quantify interactions with phosphopeptides representing physiological sites of tyrosine phosphorylation on receptor tyrosine kinases. 18 It therefore seemed reasonable to explore a similar strategy to study interactions between mouse PDZ domains and their physiological targets.
Among the many interaction domains identified in the past decade, PDZs are one of the most frequently encountered. PDZ domains are approximately 90 residues long and were first identified as regions of sequence homology in diverse signaling proteins. 20, 21 The primary function of PDZ domains is to mediate protein-protein interactions by recognizing the C-termini of their target proteins in a sequence-specific fashion. [22] [23] [24] They are often found in combination with other interaction modules (such as WW, SH3, and PTB domains) and help direct the specificity of receptor tyrosine kinases, establish and maintain cell polarity, direct protein trafficking, and coordinate synaptic signaling. [25] [26] [27] [28] Their importance is underscored by the severe neuronal and developmental phenotypes observed in PDZ knockout mice [29] [30] [31] [32] [33] and by their implication in human congenital diseases. [34] [35] [36] The enormous diversity of PDZ domain function is manifest in their abundance; at current count there are over 250 such domains in the mouse genome. 37, 38 This implicates PDZ domains in the wiring of a large number of proteins in molecular networks from the membrane to the nucleus. With the ultimate goal of uncovering a genome-wide, quantitative interaction network for mouse PDZ domains, we set out to determine if protein microarray technology could form the backbone for these studies. Most importantly, we wished to define the fidelity of this technique since this information is critical for all future investigations, not only of PDZ domains but of all other classes of protein interaction modules as well.
Results and Discussion
To assess the suitability of using protein microarray technology to study PDZ-mediated interactions, we began by constructing a list of 22 PDZ domains for which one or more cellular ligands have been identified (Table 1 and Figure S1 in the Supporting Information). PDZ domains have been classified into three general classes on the basis of their preference for the three C-terminal residues of their binding partners: class I domains recognize the consensus sequence S/T-X-V/L (where X is any amino acid); class II domains prefer ψ-X-ψ (where ψ is a hydrophobic amino acid); and class III domains prefer E/D-X-ψ. 28 
a The name of the protein containing each PDZ domain is provided. For proteins that contain more than one PDZ domain, the domain number is provided in parentheses.
proteins feature more than one PDZ domain, it is fairly common to find two or more PDZs clustered together in the linear sequence of their host protein with very little intervening sequence. For some PDZ domains that occur in such clusters, it has been found that their adjacent domains contribute to their structural stability or have an effect on their binding selectivity. [40] [41] [42] [43] We therefore included in our list four clusters of two or three adjacent domains, as well as the individual domains.
With the intended goal of extending these studies to all PDZ domains, we designed a general strategy to clone, express, and purify each domain or domain cluster. To abstract individual domains from their full-length proteins, we determined their boundaries by aligning their sequences and by using available structural information (see the Experimental Section). Cloning of the PDZ domains was accomplished by amplifying their coding regions from mouse cDNA using the polymerase chain reaction (PCR). We obtained products with the expected molecular weight for all 22 individual PDZs, as well as for each cluster. The PCR products were transferred into a suitable vector by topoisomerase I-mediated directional cloning, and each clone was verified by DNA sequencing. The coding regions were then transferred by λ-recombinase-mediated directional subcloning into an Escherichia coli expression vector that appends thioredoxin and His 6 tags to the N-terminus of the resulting protein.
All of these steps are completely general and easily applied to entire families of protein domains using simple automation.
Focusing on protein interaction domains rather than full-length proteins greatly increases the likelihood of obtaining reasonable quantities of soluble, monomeric, recombinant protein from bacteria. All 26 PDZ domains and domain clusters were produced in E. coli and purified to near homogeneity in a single step by immobilized metal affinity chromatography. Intact, pure protein was recovered for all 26 constructs as judged by sodium dodecyl sulfate (SDS)-polyacrylamide gel electrophoresis ( Figure S2 in the Supporting Information), and all 26 constructs contained monomeric protein as judged by analytical size exclusion column chromatography (Table S1 in the Supporting Information). The success of this effort highlights the advantage of domain-oriented functional proteomics.
On the basis of this representative set of PDZ domains, we assembled a list of 20 proteins that have been shown to interact, via their C-termini, with one or more of our PDZ domains (Table  2 and Table S2 in the Supporting Information). Previous studies have shown that some PDZ domains exhibit binding selectivity out to the -8 position of their target protein (ninth residue from the C-terminus). 39 We therefore synthesized peptides whose sequences correspond to the last 10 residues of their parent protein. The tripeptide sequence NNG was added to the N-terminus of each peptide to increase its water solubility, and each peptide was capped with 5-(and 6)carboxytetramethylrhodamine [5(6)-TAMRA] at its N-terminus prior to deprotection and cleavage from the resin. 5(6)-TAMRA serves both as a chromophore for quantification purposes and as a fluorophore for visualization on the protein microarrays.
As with the PDZ domains, we sought to make our set of PDZ ligands as diverse as possible. Contained within our set of peptides are ligands for each class of PDZ domains: Claudin1 and Mel1a/b bind to class III PDZs; AN2, Parkin, EphrinB1/2, Nrxn1/2, and GluR2 bind to class II PDZs; and the remaining 13 peptides bind to class I PDZs. The PDZ ligands include promiscuous proteins and highly selective proteins. For example, the protein Cript is known to interact with nine different PDZ domains included in our study, while the protein Dlgap1/2/3 has only been described to bind one PDZ domain, that of Shank3 (Table S1 ). Our peptides also represent proteins with diverse functionality. They include two glutamate receptor subunits (NMDAR2A and GluR2), two G-protein-coupled receptors (Frizzled and Mel1a/b), and several ion channel subunits (Scn4a, Scn5a, Stargazin, Kv1.4, and Kir2.1). The proteins Nrxn1/2, Claudin1, and AN2 play a role in cell adhesion and mobility, while the remaining proteins are cytoplasmic or membranebound adapter and regulatory proteins (Cript, KIF1B, Mapk12, L-glutaminase, Cnksr2, EphrinB1/2, and Dlgap1/2/3).
PDZ Domain Microarrays. We have previously described methods to prepare microarrays of functionally active proteins on aldehyde-presenting glass surfaces. 19 To make these methods compatible with high-throughput investigations, we developed a strategy to array proteins in individual wells of 96-well microtiter plates. Although some commercial arrayers are able to print directly into microtiter plates, this process is slow and the width of the microarraying pins or glass tips limits access to only the central region of each well. We therefore developed a method in which we array our proteins onto flat glass substrates that are cut to a size that spans all the wells of a microtiter plate (112.5 mm × 74.5 mm). Ninety-six identical microarrays are printed on each substrate in the pattern of a 96-well plate ( Figure 1a) . The glass is then permanently attached to the bottom of a bottomless microtiter plate using an intervening silicone gasket coated on both sides with a strong, biocompatible adhesive ( Figure 1b) . The result is a microtiter plate containing a protein microarray in each well.
Using this technology, we arrayed our 26 PDZ constructs, as well as recombinant thioredoxin (negative control), on 
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aldehyde-presenting glass plates. The proteins were all spotted at a concentration of 40 µM in a buffer that contained 20% glycerol (v/v) to prevent evaporation. Samples were printed in triplicate, and a small amount (100 nM) of cyanine-5 (Cy5)-labeled bovine serum albumin (BSA) was included in each sample to facilitate image analysis. After a 1-h incubation at room temperature, the unreacted aldehydes were quenched and the surfaces blocked by the addition of buffer containing BSA. The arrays were then probed with a single concentration of each peptide (1 µM) and incubated at room temperature for 1 h. The arrays were washed, dried, and scanned for both Cy5 and 5(6)-TAMRA fluorescence. The Cy5 image was used to define the location of each spot, and the mean fluorescence of replicate spots in the 5(6)-TAMRA image was determined for each PDZ construct (see, for example, Figure 2) . This value was then divided by the mean intensity of control spots (thioredoxin) to determine the "fold-over-background" (FOB) ratio (Table S3 in the Supporting Information).
Having identified specific interactions in this manner, we sought to quantify the strength of each interaction. We have recently shown that apparent K D 's can be measured by probing protein microarrays with different concentrations of a fluorescent ligand and fitting the resulting data to an equation that describes saturation binding. 18 Dissociation constants obtained in this way agree very well with those obtained using surface plasmon resonance (typically within 2-fold). This approach worked well to quantify interactions mediated by SH2 and PTB domains, which tend to bind their targets with submicromolar affinities. We were unable to measure K D 's above 2 µM, however, since nonspecific binding of the fluorescent probe to the array surface becomes prohibitively high at probe concentrations above 5 µM. Unlike SH2 and PTB domains, most physiologically relevant interactions mediated by PDZ domains fall in the low micromolar range: often between 1 and 10 µM. 28 We noticed, however, that although we were unable to quantify weak interactions using protein microarrays, we were able to detect them. On the basis of this observation, we designed the following two-step strategy for uncovering quantitative PDZ interaction networks:
(1) screen microarrays of PDZ domains with fluorescent peptides to identify domain-peptide interactions in high throughput; and (2) measure the strength of interactions detected on the arrays using a solution-phase, fluorescence polarization assay.
This strategy exploits the power of microarray technology to screen every possible PDZ-peptide combination in a rapid and economical fashion. It then takes advantage of the already assembled reagents to quantify interactions in a high-fidelity but lower throughput solution-phase assay. The success of this strategy depends on the fidelity of the initial screen. How successful are protein microarrays in identifying relatively lowaffinity interactions? If the assay is too insensitive, many interactions will be missed (high rate of false negatives). If, on the other hand, the assay is too permissive, false positives will abound and the advantage afforded by the microarrays will be lost. We therefore set out to determine, in a rigorous fashion, the rate of false positives and false negatives on the protein microarrays and how these rates vary with binding affinity.
High-Throughput Fluorescence Polarization. To determine the rate of false positives and false negatives, we need a "gold standard" against which the arrays can be measured. Since our strategy relies on fluorescence polarization (FP) to confirm and quantify interactions, this solution-phase assay serves as an appropriate standard. We therefore developed an FP-based assay compatible with large-scale investigations. Equilibrium dissociation constants were determined in 384-well microtiter plates by introducing purified domains into the top row of each plate and preparing 2-fold serial dilutions down each column. A fixed, low concentration of fluorescent peptide was then introduced into each well of the plate using a 96-channel pipetting robot. In this way, 24 affinity constants were determined in each plate, with 16 points per curve. The final concentrations of the PDZ domains ranged from 20 µM down to 0.6 nM. Following this strategy, we collected FP data for all 520 PDZ-peptide combinations (8320 separate measurements). We then fit the data for each PDZ-peptide pair (FP, recorded as millipolarization units) to eq 1, 44 where FP max is the maximum signal at saturation, FP 0 is the signal in the absence of PDZ domain, [PDZ] is the total concentration of PDZ domain, [pep] is the total concentration of peptide (20 nM), and K D is the calculated equilibrium dissociation constant (see, for example, Figure 2 ; K D 's for all interactions are provided in Table S4 of the Supporting Information). An interaction was scored as "specific" if it fit well to eq 1 (R 2 g 0.95), with a K D e 20 µM and high signal (FP g 15 mP at 20 µM PDZ).
With these quantitative measurements in hand, we compared our microarray results, obtained by probing each array with a single concentration of fluorescent peptide (1 µM), with those obtained by FP. Since the microarrays provide an FOB ratio for each PDZ-peptide pair, molecules that "interact" are defined as those with an FOB ratio that exceeds some arbitrary threshold. At a given threshold, "false positives" are interactions that exceed the threshold but are not present in the gold standard dataset; "false negatives" are interactions that do not exceed the threshold but are nevertheless found in the gold standard dataset. Using the FP affinity data as our gold standard, we calculated the false positive and false negative rates for the PDZ microarrays at different FOB thresholds, ranging from 1.0 to 2.0 (Figure 3a) . To assess the affinity limits of the microarrays, we performed this analysis using three different gold standard datasets: (1) interactions with K D e 5 µM; (2) interactions with K D e 10 µM; and (3) interactions with K D e 20 µM ( Figure  3a) . As expected, the false positive rate decreased and the false negative rate increased as the FOB threshold was raised. Importantly, the false positive rate dropped steeply between FOB thresholds of 1.0 and 1.4, while the false negative rate exhibited a lag phase before climbing steadily. If we consider interactions with K D e 5 µM (keeping in mind that we probed our microarrays with 1 µM peptide), we find that an FOB threshold of 1.4 produces 19% false positives and 6% false negatives. In addition, almost half (47%) of the "false positives" in this analysis were, in fact, bona fide interactions with K D 's between 5 and 20 µM. These false positive/false negative rates compare very favorably with the yeast two-hybrid assay, where estimates of 50% false positives and 90% false negatives have been reported. 3,9-12, 45 The low rates that we see here can be attributed to several factors. First, our assay is performed under very controlled in vitro conditions and so does not suffer from the noise introduced by biological systems. Second, the concentrations of both the proteins and the peptides are controlled and normalized in our assay, whereas protein expression levels vary substantially in cell-based assays. Finally, our assay is focused on a family of structurally and functionally related domains, while the rates reported above were estimated from studies of proteins with diverse structure and function. This again underscores the value of adopting a domain-oriented approach to functional proteomics.
Given that many physiological interactions mediated by PDZ domains fall in the 1-10 µM range, we were encouraged to see that a threshold of 1.4 was still able to identify 86% of interactions with K D e 10 µM, with only 14% false positives (Figure 3a) . When we extend our analysis to the very weak interactions (K D e 20 µM), however, the false negative rate jumps to 34% (Figure 3a) . This is not too surprising; it shows that protein microarrays, when probed with 1 µM ligand, miss a substantial number of interactions with K D between 10 and 20 µM.
It is reasonable to think that our ability to detect weak interactions would be improved by probing the arrays with a higher concentration of fluorescent peptide. We therefore repeated the entire microarray experiment, but with the peptides at a concentration of 5 µM rather than 1 µM. Comparison with the FP dataset (Figure 3b) shows that, contrary to this prediction, the rate of false negatives actually increases, rather than decreases, while the rate of false positives remains largely unchanged. The reason for this seemingly paradoxical observation is that a higher concentration of peptide results in elevated levels of nonspecific binding to the control protein (thioredoxin) and to the slide surface. The increase in nonspecific binding outpaces the increase in specific binding to the cognate PDZ domains. As a result, FOB values generally decrease, rather than increase, as the ligand concentration is raised from 1 to 5 µM. It is possible that improved surfaces would alleviate this effect to some extent. Nonspecific binding of the peptides to the control protein and to the non-active-site regions of the target proteins, however, does not depend on surface chemistry and ultimately limits all assays of this nature. It is often assumed that the intensity of spots on a protein microarray correlates with the affinity of interactions. To test this hypothesis, we plotted all of our interaction data, with K D on the y-axis (as determined by FP) and microarray spot intensity on the x-axis (Figure 4) . While it is true that bright spots generally represent high-affinity interactions, little can be concluded about low-intensity spots. The most reasonable explanation is that the intensity of spots on a microarray is a function not only of binding affinity but also of the amount of active protein in the spot. Some proteins are destabilized on the glass surface, resulting in a low percentage of folded protein in the spot. Others may preferentially attach to the surface in a way that blocks their function. As a result, high-affinity interactions can show up as weak spots. What is most sobering about these results is that they were obtained under the most ideal of circumstances. All of the PDZ domains share a common fold and were printed at the same concentration (40 µM). If the concentrations of the proteins are not normalized prior to printing, and if proteins of diverse size, structure, and function are studied together, it is likely that spot intensity will correlate even less with binding affinity and that the rate of false positives and false negatives will increase.
Comparison with Previously Reported Interactions. So far, we have shown that microarrays of recombinant PDZ domains can be used to identify PDZ-peptide interactions with high fidelity and that these interactions can be retested and quantified rapidly using fluorescence polarization. We have not yet addressed if our domain-based strategy effectively captures information about physiological protein-protein interactions. How well do abstracted domains substitute for full-length proteins, and how well do synthetic peptides substitute for PDZ ligands? To address these questions, we performed an extensive search of the scientific literature to identify PDZ-mediated interactions that involve the domains and ligands used in our study (Table S2 ). In total, we found 85 such interactions, all but three of which have been narrowed down to the PDZ domain of interest. We then compared our biophysical interaction data, obtained by microarrays and FP, with this list (Figure 5 ). For this comparison, we used an FOB cutoff of 1.4 for the microarrays and a K D cutoff of 20 µM for the FP data. Of the 85 interactions that were previously reported, we observed 72 interactions (85%) either by microarray or by FP. There were only seven cases where a previously reported interaction was observed by microarray technology but not by FP, supporting our assumption that FP serves as an appropriate standard by which to judge the microarrays. Interestingly, many of the microarray false positives (17 of 46 at the 20 µM threshold) arose from interactions with a single PDZ domain: PDZ3 of CIPP. If we exclude this "sticky" domain from our analysis, the false positive rate drops from 12% to 9%. One of the advantages of screening multiple domains against multiple ligands is that trends like this can easily be identified. Domains that are prone to nonspecific interactions can be recognized as a densely populated row on the interaction matrix ( Figure 5 ), while ligands that are prone to nonspecific interactions show up as densely populated columns.
In several cases, interactions were detected with tandem PDZ constructs but not with any of the corresponding isolated domains. For example, we detected specific binding between the AN2 peptide and the three domain cluster of SAP97, but we did not detect any interaction between this peptide and the corresponding isolated domains. In instances like this, it is likely that the isolated domains lack structural stability but the larger construct does not. 43 Cloning clusters of tightly coupled domains provides a way to study PDZs that do not behave well when abstracted from their native context. We anticipate that this strategy will also be important in other domain-based functional proteomics efforts.
In addition to identifying interactions that have previously been observed, we identified and quantified 56 PDZ-peptide interactions that have not previously been reported. Since, in several cases, more than one PDZ domain from a given protein recognized the same peptide, these interactions represent 39 new protein-protein interactions. It is important to emphasize that these are bona fide biophysical interactions; their physiological relevance, however, remains to be determined. Since two proteins must be co-expressed in order to interact in a physiological context, we can use information from large-scale gene expression studies as a first-pass filter for physiological relevance. Using high-density oligonucleotide arrays, Hogenesch and co-workers have measured expression levels in 61 different mouse tissues for most of the protein-encoding genes in the mouse genome. 46 Of the 12 PDZ-containing proteins and 20 PDZ ligands used in our study, good-quality expression data are available for 9 of the PDZ proteins and 11 of the PDZ ligands. This means that, of the 39 new protein-protein interactions that we identified, we were able to evaluate 17 of them for co-expression using the Hogenesch dataset. For this analysis, we used a fairly conservative approach: genes were deemed to be expressed in a tissue if their transcript levels were at least 3-fold higher than the median transcript level for that gene across all 61 tissues. By this criterion, some proteins were designated "expressed" in only one tissue (Scn4a, for example, is found only in skeletal muscle), while other proteins were found to be expressed in several tissues (PSD-95, for example, is expressed in 11 different tissues of the central nervous system). Even with this rather conservative cutoff, we found evidence of co-expression for 12 of the 17 novel interactions (Table 3) . It should be noted, however, that absence of co-expression by this criterion does not rule out the possibility that two proteins interact in vivo. Of the 13 previously reported interactions that could be evaluated using the Hogenesch expression data, two did not meet our stringent criterion for co-expression.
One particularly compelling new interaction that we observed is that between Stargazin and the multiple PDZ-containing protein CIPP. Stargazin has been shown to interact with R-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA) receptors, and this interaction is essential for the delivery of these receptors to the membrane of cerebellar granule cells. 47 It has also been shown that the C-terminal tail of Stargazin is required for targeting AMPA receptors to synapses 47 and that mice with mutations in the gene encoding Stargazin lack functional AMPA receptors on cerebellar granule cells and exhibit ataxia and epilepsy. 48, 49 In situ hybridization studies confirm the co-expression of Stargazin and CIPP in several brain tissues, and CIPP is expressed at very high levels in the granule cell layer of the cerebellum. 48, 50 That Stargazin and CIPP interact in our in vitro assay suggests that CIPP may play a role in targeting AMPA receptors to the synapse. It will be exciting to see what other hypotheses emerge from a more global analysis of PDZ-mediated interactions.
Sequence-Function Relationships. In addition to identifying specific interactions, investigations of this nature provide a broad perspective on molecular recognition within biological systems. To investigate the relationship between PDZ sequence and function, we subjected our quantitative interaction data, expressed as equilibrium association constants (K A 's), to correlation-based hierarchical clustering in both dimensions ( Figure  6 ). From the perspective of the peptides, the algorithm brings together ligands that are recognized by similar sets of PDZ domains. Not surprisingly, this unsupervised analysis sorted the peptides according to their class (peptide names are colored by class in Figure 6 ). A notable exception was the Dlgap1/2/3 peptide, a class I peptide that clustered with the class II peptides. a Genes were considered "expressed" if their transcript levels were at least 3-fold greater than the median transcript levels for that gene across all mouse tissues. b In these tissues, the genes for both proteins were expressed at levels that were more than 10-fold over the median.
On the basis of their three C-terminal residues, we would expect the class II peptides derived from EphrinB1/2, Nrxn1/2, and AN2 to behave similarly and the class I peptide derived from Dlgap1/2/3 to cluster tightly with the Mapk12 peptide. Instead, Dlgap1/2/3 and AN2 are both bound tightly by the PDZ domain of Shank3 and are not recognized by any of the other PDZ domains. Dlgap1/2/3 and AN2 both feature a bulky residue in position -1. Although this residue is solvent-exposed in most PDZ-peptide complexes, a crystal structure of the Shank3 PDZ domain complexed with the C-terminal hexapeptide of GKAP shows tight contacts with the -1 residue. 51 It is not obvious how the Shank3 PDZ accommodates a tryptophan residue at this position (instead of an arginine), and it is unlikely that the Shank3-Dlgap1/2/3 interaction would have been predicted on the basis of our current understanding of domain selectivity. This observation underscores the importance of focusing on physiologically relevant sequences and taking an unbiased approach to the discovery of protein-protein interactions.
From the perspective of the PDZ domains, the clustering algorithm that we used brings together domains that exhibit similar sequence selectiVity. As with the peptides, a dendrogram (tree) is generated that provides a relative measure of the similarity between elements in the matrix. In the PDZ dendrogram, the similarity of two PDZ domains decreases as the horizontal length of the path that connects them to their closest common branch point (node) increases. Importantly, since the biological role of PDZ domains is to recognize and bind their target proteins, this dendrogram reflects protein function. Completely independently, we can also generate a dendrogram for these PDZ domains on the basis of their primary amino acid sequence. By using the full sequence of the domains, rather than just their active-site residues, the resulting dendrogram offers a view of their evolutionary history. In this case, nodes in the tree represent the most recent common ancestor linking two PDZ domains, and the horizontal distance between the node and the modern-day domains provides an approximate measure of the time since these two domains diverged. Interestingly, the tree derived from protein sequence is remarkably similar to the tree derived from protein function (Figure 6 ). It has previously been shown that the binding selectivity of a PDZ domain can be substantially altered by a few point mutations, or even just one. [52] [53] [54] Despite the ease with which protein function can be altered by small perturbations in protein sequence, no such mutations were, in fact, retained throughout the evolution of these 22 PDZ domains; their sequence similarity tracks closely with their functional similarity. This outcome suggests that it is difficult to substantially rewire a protein interaction network without incurring deleterious effects. Although single proteinprotein interactions may be added or subtracted, it is much more difficult to conceive of changes that dramatically alter network connectivity and yet confer a selective advantage. Our data are consistent with a model in which protein interaction networks evolve through small incremental steps. It will be interesting to see if this model is supported by interaction data that encompass the entire family of mouse PDZ domains, as well as other interaction modules.
Summary and Conclusion
With the availability of whole genome sequencing information, it is now possible to identify every member of an entire family of protein interaction domains. This provides, for the first time, the opportunity to study, in a comprehensive and unbiased way, the recognition properties of functionally related protein modules. In addition to generating biological hypotheses, efforts of this nature provide an opportunity to study fundamental aspects of molecular selectivity in a biological context and thus can provide insight into molecular evolution, as well as a more global perspective on how cells insulate parallel pathways from each other in some circumstances, exploit crosstalk between pathways in other circumstances, or use some of the same proteins in distinct pathways to produce different physiological outcomes. To achieve these goals, it is crucial that we obtain high-quality, quantitative data using physiologically relevant molecules. Here, we have outlined a strategy that combines the efficiency and economy of protein microarray technology with the high fidelity of an automatable, solutionphase assay to uncover quantitative protein interaction networks for mouse PDZ domains. We have shown that protein microarrays are able to identify protein-protein interactions of moderate to high affinity (K D e 10 µM) with a false negative rate of 14% and a false positive rate of 14%, that these interactions can be retested and quantified efficiently, and that the resulting dataset recapitulates 85% of known interactions while highlighting new interactions of potential biological significance. We have also shown that, even with a relatively small interaction matrix comprising 520 measurements, there is a tight link between protein sequence and function that supports a model in which protein interaction networks evolve through small, incremental steps. We are currently expanding our study of mouse PDZ domains to include every member of this family. We anticipate that the resulting data will teach us much about biological selectivity and provide further insight into the relationship between sequence and function.
Experimental Section
Cloning of PDZ Domains. To abstract individual domains from their full-length proteins, we determined their boundaries by aligning their sequences with ClustalW, a general purpose multiple sequence alignment program (http://www.ebi.ac.uk/clustalw/). We then used available structural information to confirm that the boundaries were defined appropriately. We defined the N-terminus of the PDZ domains at 15 residues before the GLGF motif and the C-terminus at 30 residues after the predicted end of the domain. When the PDZ domain occurred at the C-terminus of a protein or was adjacent to another domain, no C-terminal tail was included. We then used Web Primer (http:// genome-www2.stanford.edu/cgi-bin/SGD/web-primer) to design primers for the amplification of predicted PDZ domains from mouse cDNA. Whenever Web Primer could not find suitable primers due to high GC content or secondary structure formation, we extended the PDZ domain by a few amino acids on either the N-or C-terminus until the primers met the specified criteria. We included the sequence CACC in our 5′ primers for directional cloning using TOPO vectors (Invitrogen, Carlsbad, CA) and incorporated a TAG stop codon into our 3′ primers.
Coding sequences were amplified from mouse cDNA (BD Biosciences, Palo Alto, CA) using the polymerase chain reaction (PCR) with the following cycling parameters: 95°C, 5 min; followed by 38 cycles of 95°C, 30 s; 54°C, 30 s; 72°C, 1 min; followed by a final 10 min incubation at 72°C. PCR products were separated by agarose gel electrophoresis, and bands of the appropriate size were excised and purified using an agarose gel purification kit (Qiagen, Valencia, CA). The resulting products were transferred into the vector pENTR/D-TOPO by topoisomerase I-mediated directional cloning (Invitrogen). Each clone was verified by DNA sequencing. containing 0.1% Tween 20 (v/v) and probed with either a 1 or 5 µM concentration of 5(6)-TAMRA-labeled peptides dissolved in buffer B [100 mM KCl, 1% BSA (w/v), 0.1% Tween 20 (v/v), 1 mM dithiothreitol, 10 mM NaH2PO4/Na2HPO4, pH 7.4]. Following a 1-h incubation at room temperature, the peptide solution was removed, and the arrays were washed with 300 µL of buffer A containing 0.1% Tween 20 (v/v). The arrays were rinsed twice with 300 µL of ddH 2O and spun upside-down in a centrifuge for 60 s to remove residual water.
Scanning and Analysis of Protein Microarrays. PDZ microarrays were scanned at 10-µm resolution using a Tecan LS400 microarray scanner (Tecan, Männedorf, Switzerland). Cyanine-5 fluorescence was imaged using a 633-nm laser, and 5(6)-TAMRA fluorescence was imaged using a 543-nm laser. Images were analyzed using Array-Pro Analyzer 4.5 (Tecan). Microarray spots were identified on the basis of the cyanine-5 image, and the mean 5(6)-TAMRA fluorescence of each protein was calculated from the three replicate spots. Fold-overbackground (FOB) values were determined by dividing the mean 5(6)-TAMRA fluorescence for each protein by the mean 5(6)-TAMRA fluorescence of nine replicate control spots (thioredoxin). For those arrays probed with 1 µM concentration of peptide, FOB values for each protein-peptide interaction were averaged over three independent trials.
Fluorescence Polarization. PDZ domains were introduced into separate wells in row A of black 384-well microtiter plates (Corning, Corning, NY) at a concentration of 25 µM (80 µL/well). The remaining wells of the plate were filled with 40 µL of buffer A, and two-fold serial dilutions of each domain were prepared down each column, resulting in 40 µL/well. Fluorescent peptides were dissolved at a concentration of 100 nM in buffer C [100 mM KCl, 0.1% BSA (w/v), 5 mM dithiothreitol, 10 mM NaH 2PO4/Na2HPO4, pH 7.4] and introduced into a separate 384-well plate. Each well in a given column contained the same peptide solution. A 10-µL portion of peptide solution was then transferred from every well of the peptide plate to the corresponding well in the PDZ assay plate using a Biomek FX 96-channel pipetting robot (Beckman Coulter, Fullerton, CA). Plates were incubated at room temperature for 1 h. 5(6)-TAMRA fluorescence was detected using an Analyst AD fluorescence plate reader (Molecular Devices, Sunnydale, CA), with excitation at 525 nm and emission at 590 nm. Fluorescence polarization, in millipolarization units (mP), was defined as10 3 × (I | for each PDZ-peptide interaction, the fluorescence polarization data were fit to eq 1 in an automated fashion using Origin (Origin Lab Corp., Northampton, MA).
